The material-air partition coefficient (K ma is also developed to predict K ma from chemical properties and temperature only (adjusted R 2 = 0.84), without the need to assign a specific material type. These QSPRs provide correlation methods to estimate K ma for a wide range of organic chemicals and materials, which will facilitate high-throughput estimates of human exposures for chemicals in solid materials, particularly building materials and furniture.
| INTRODUC TI ON
Chemicals incorporated in solid materials have been identified as a major source of passive emissions to indoor air and of transfers into house dust and skin. Typical examples include chemicals used as plasticizers in building materials and flame retardants in furniture. To estimate the release of these chemicals from solid materials and subsequent consumer exposures, the dimensionless solid material-air partition coefficient (K ma ), defined as the ratio of the concentration in the material to the concentration in the air at equilibrium, is one of the key parameters. 2 The K ma is essential in determining the chemical transfer from solid material to air and to house dust, as well as the chemical concentration at the material surface, which further determines the inhalation, dermal and dust ingestion exposures. K ma is specific to a chemicalmaterial combination and is also influenced by ambient temperature. Experimental techniques such as chamber tests for building materials, 3 and sorption experiments for polymer materials [4] [5] [6] have enabled measurement of a limited number of K ma values for building materials such as vinyl flooring, gypsum board, plywood and cement, as well as polymer materials used for passive samplers including polyurethane foams (PUF), polyethylene (PE), and polypropylene (PP). Recently, studies have also been conducted to measure the K ma for clothing and fabrics. 7, 8 However, since experiments are costly and time-consuming, measured K ma values are only available for a limited number of chemical-material
combinations. Thus, quantitative relationships are needed to predict this partition coefficient from known physiochemical properties for chemicals without experimental data, which is especially important for high-throughput approaches, for which a large number of chemical-material combinations need to be evaluated.
Several correlation methods have been developed to estimate
K ma from physiochemical properties of chemicals. For example, several studies have correlated K ma to the chemical's vapor pressure using data on volatile organic compounds (VOCs) in building materials. 4, [9] [10] [11] Other studies which focused on semi-volatile organic compounds (SVOCs) in passive sampling devices have found correlation between K ma and the octanol-air partition coefficient (K oa ). 5, 6, 12, 13 Furthermore, Holmgren et al 14 for all materials and chemical classes. 11 However, this approach is developed based on a small dataset which mainly includes VOCs in building materials limiting its applicability to also address SVOCs. Another limitation of the previous studies is that the effect of temperature was not well considered in the correlation.
Some studies provided different correlation coefficients for certain discrete temperatures, 15 while others corrected the predictors for temperature. 16 However, since the known physiochemical properties such as vapor pressure and K oa are often only given as values at 25°C, correcting them for temperature may not always be practical as the corresponding enthalpies of phase change are not available for all chemicals. Several studies did establish correlations between K ma and temperature, but the correlations were only verified using experimental data on limited chemicals such as formaldehyde and other aldehydes. 17, 18 In all, the currently available correlation methods to estimate 
| MATERIAL S AND ME THODS

| Dataset
| Data collection
Experimental material-air partition coefficient data were compiled from 43 references from the peer-reviewed scientific literature (provided in Section S1). Dimensionless partition coefficients were collected. If the partition coefficients were expressed in mL/g or m 3 /g, they were converted to dimensionless values by multiplying these by the density of the solid material. If the partition coefficients were expressed in the unit of m, they were converted to dimensionless values by dividing these by the thickness of the material. The initial dataset of K ma contained a total of 1008 records covering 179 unique chemicals and 75 distinct solid materials.
Practical implications
• The developed QSPRs provide a comprehensive correlation method to estimate K ma , covering a much wider range of organic chemicals and solid materials compared to previous studies.
• A still accurate generic correlation without the need to assign a material type is also included.
• Combined with the QSPR estimating the internal diffusion coefficient, 1 these QSPRs facilitate high-throughput estimates of indoor human exposures to chemicals incorporated in solid materials.
• This is highly relevant for multiple science-policy fields, including chemical alternatives assessment (CAA), risk assessment (RA), and life cycle assessment (LCA). 
| Data curation
| Modeling methods
| Multiple linear regression model
A multiple linear regression (MLR) analysis was performed to identify and quantify the effect of different parameters on the partition coefficient, with details described in our previous paper on the QSPR for diffusion coefficient. In previous studies, either the chemical's vapor pressure 4,9-11 or logK oa 5,6,12,13 has been used as predictor of the K ma in a given material. Abraham solvation parameters were also used as predictors by Holmgren et al, 14 but these parameters are not considered here since they are not readily available. Initial regressions (Section S2)
suggest that logK oa is a better predictor of K ma compared to vapor pressure. Thus, the chemical's logK oa at 25°C was used as the independent variable for chemical properties in Equation (1).
Thus, the MLR model takes the following form:
where T_term is a term representing the effect of temperature and will be described in the next section (Section 2.2.2).
| Temperature dependence
In thermodynamics, the temperature dependence of equilibrium constant, K eq , can be described by the van't Hoff equation:
where K 1 and K 2 are the equilibrium constants at temperature T 1 and T 2 , respectively, T 1 and T 2 are absolute temperatures (K), R is ideal gas constant (8.314 J/(K•mol)), and ∆H phase change is the enthalpy of phase change (J/mol).
Since K ma is an equilibrium constant by definition and the chemical's log 10 K oa at 25°C or 298.15 K is used as an independent variable in the MLR model (Equation 2), we assume that the temperature dependence of K ma also follows the van't Hoff equation:
where ∆H ma is the enthalpy of the partitioning between material and air (J/mol), and 2.303 is a conversion factor between log 10 K and lnK.
Ideally, the enthalpy ∆H ma should be different for different 
shown in Section 3.1). Since no experimental ∆H ma values are available for materials other than PU-ether, we use the ∆H ma correlation developed above across all materials. Therefore, in our regression model of K ma , the ∆H ma is chemical-specific, but not materialspecific. The final MLR model thus takes the following form:
| Model validation
Validation of the final MLR model (Equation 4) was performed using the QSARINS software, version 2.2.1 (www.qsar.it) which is developed by Gramatica et al. 
| Internal validation
The MLR model's capacity to predict portions of the training dataset was evaluated in an internal validation process, using two techniques in QSARINS: the leave more out (LMO) cross-validation and the Yscrambling, which have been described previously.
1,21 1000 iterations were used for the LMO cross-validation, and the percentage of the excluded elements was set as 20%, and 1000 iterations for Y-scrambling.
| External validation
We also evaluated the model's ability to provide reliable predictions on new datasets by external validation, using the splitting approach, which split the existing dataset (991 data points) into one training dataset and one prediction dataset. The training dataset was used to generate regression coefficients of the MLR model, and then the MLR model was applied to the prediction set to examine the prediction performances of the model. Three kinds of splitting were performed using existing options in the QSARINS software (see Section S4.1 for details) by random percentage, by ordered response and by structure. We introduced a fourth kind of splitting by studies, where all data points from certain studies were manually selected as the training set and data points from remaining studies as the prediction set.
If a consolidated material type only includes data points from one study, all of these data points were assigned into the training set in order to ensure that the MLR model constructed using the training set includes all consolidated material types. The four types of splitting yielded similar sample sizes of approximately 800 data points for the training set and 200 data points for the prediction set (Table S3 ).
| RE SULTS AND D ISCUSS I ON S
| Temperature dependence
As described in Section 2. This simple linear model shows good fitting of the experimental ∆H ma data, with an adjusted R-squared of 0.782, and the model fit is highly significant with an ANOVA P-value < 0.0001. Figure 1 shows the scatter plot of predicted vs measured ∆H ma and the residual plot, which indicate good agreement with the 1:1 line and random distribution of residuals throughout the dataset. These results suggest that there is indeed a linear relationship between ∆H ma and ∆H v in PU-ether, and Equation (5) was also used as default to estimate ∆H ma for all other materials.
| Final QSPR and model fitting
Using the full dataset (991 data points) and Equation (4), the final MLR model for predicting the solid material-air partition coefficient is as follows:
(4) where K ma is the dimensionless solid material-air partition coefficient, K oa is the chemical's dimensionless octanol-air partition coefficient at 25°C, ∆H ma is the enthalpy of the partitioning between material and air (J/mol) which is given by Equation (5), T is absolute temperature (K), and b is the material-specific coefficients presented in Table 1 .
This model is provided as an excel model in Supporting Information to facilitate application. The standard errors for the coefficients are also presented in Table 1 
| Impact of each predictor
As shown in Equation (6), the key predictors of the solid material-air partition coefficient are the chemical's logK oa , ∆H v , temperature, and the solid material type. The regression coefficient for logK ow is 0.63 and is highly significant (P < 0.0001), indicating that the material-air partition coefficient increases with increasing logK oa , which is consistent with findings from previous studies. 5, 6, 13 The regression coefficient of the temperature term is 0.96 and is also highly significant (P < 0.0001), indicating that the K ma decreases with higher temperature. Experimental data from Kamprad et al did
show reduced K ma with increased temperature, and it also makes intuitive sense that at higher temperature the K ma is lower leading to faster chemical migration from solid material to air. As discussed in Section 3.1, the effect of temperature on K ma also depends on the ∆H ma , which increases linearly with the chemical's enthalpy of
The 21 dummy variables for the material types reflect the material dependency of the K ma . As "PU-ether" (polyurethane-ether) was used as the reference material in the regression, the value of its coefficient b is zero (Table 1) polyether ether ketone (PEEK) which are dense materials, while the three types with lowest b coefficients are PU-ester (polyurethaneester), PU-ether and paper which tend to be porous materials. It should be noted that the data for a given consolidated material type were gathered from different studies, and the composition and properties of the material type may vary between studies, so the material type coefficients in Table 1 only represent an average composition and partition behavior for the specific material types.
The significance of the material type coefficient only indicates that the coefficient bs of these material types are significantly different from the reference material type, PU-ether, but if another material type was selected as the reference material, the regression coefficients and statistical significance of all materials would change.
Thus, the insignificance of the regression coefficient for "paper"
( To better illustrate the impact of each predictor on the materialair partition coefficient, we varied each predictor from the minimum to the maximum value in the entire dataset (991 data points)
while keeping the other predictors constant, and calculated the change in logK ma using the regression coefficients in the final QSPR 
| Model validation results
| Internal validation
The correlation coefficient for the LMO cross-validation, Q 6) is robust and stable, and is not a result of chance correlation.
| External validation
As described in Section 2.3.2, four types of splitting were used for external validation, including splitting by random 20%, by ordered response, by structure, and by studies. Six criteria for external validation, described in detail previously, 1, 22, 23 were computed and are presented in Table 2 . For the first three types of splitting, the R 2 ext are higher than 0.9, and the other five criteria all pass the threshold values and are higher than 0.9, indicating good predictive ability of the models constructed from training set data. This is expected because the prediction sets resulted from these three types of splitting are generally well within the applicability domain (described in detail below) defined by the training sets ( Figures S1-S6 ), since the data points were drawn either randomly or alternately.
For the splitting by studies, data from 22 studies were selected as the prediction set, while data from 20 studies constituted the training set. This splitting can better represent a truly "external" validation, since all data from one study were either be in the training set or be in the prediction set. The prediction ability of the model constructed from the training set is apparently reduced, as the R 2 ext of this splitting dropped to 0.79, and the values of the other five criteria are lower than those for the above three types of splitting. This is reasonable since the data variability is higher between studies than within studies, so the prediction set might not be well within the AD defined by the training set ( Figures   S7-S10) . Nonetheless, all validation criteria for this splitting still pass the thresholds, indicating acceptable prediction ability (Table 2) .
| Applicability domain
It is important to define the Applicability domain (AD) of our QSPR For definition of the AD, the model being evaluated is the final QSPR model presented in Equation (6), and the training dataset thus refers to the full dataset including 991 data points. Three complementary methods were applied to define the AD of the K ma QSPR: the range of model predictors, the leverage approach, and the PCA of the model predictors, which have been described in detail previously. 25 For the range of predictors, the model has four predictors: logK oa , : determination coefficient of the prediction set external data. : correlation coefficient proposed by Schuurmann et al.
: correlation coefficient proposed by Consonni et al. 
TA B L E 2 External validation results
so the model's AD is also restricted to these 22 material types. For the leverage approach, the critical value h* for the diagonal values of the hat (h) matrix of the model was calculated to be 0.0727, and the AD is defined as the h values less than h*. 21, 25 As discussed in Section 3.2, the impact of the solid material type on logK ma is relatively small compared to the impact of chemical properties, so logK ma can be predicted with reasonably high accuracy without the material type as a predictor. This generic QSPR thus provides a relatively reliable method to estimate the K ma for various solid materials that may be difficult to assign a material type listed in Table 1 , which provides a more comprehensive and flexible coverage, although with a slightly lower accuracy, for different chemical-material combinations than the material-specific QSPR and can therefore greatly facilitate high-throughput evaluations of a large variety of chemical-material combinations.
However, it should be noted that although without the material type as a predictor, this generic model was still developed using the experimental data of our collection of 22 material types. Thus, this generic model best applies to materials listed in Table 1 and similar materials, but may cause a large error for materials with special properties, for example in presence of strong ionic forces, or of strong pseudo-solvation such that some of the target adsorbate molecules take on a different structure within the material itself, either due to ionization or tautomerization. can be added to the model without introducing too many additional terms, which can improve model fitting, as discussed in Section 3.2. Finally, the functional mechanisms of other influence factors such as relative humidity are unclear, so they are not included in the QSPR. The effect of relative humidity on K ma is likely both chemical and material dependent, 4,9 which will require more in-depth research.
| Limitations and future work
| CON CLUS IONS
A multiple linear regression model has been developed to predict the The main advantage of the present model is that it is applicable for a wide range of chemical-material-temperature combinations, which is more comprehensive than the correlation methods developed in previous studies which were specific for one solid material and often at room temperature. Moreover, a generic model is also developed which is able to give relatively accurate estimates of K ma without assigning a particular material type, making it suitable for high-throughput assessments of the chemical releases from solid materials and subsequent consumer exposures. 
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